Background: Although physical illnesses, routinely documented in electronic medical records (EMR), have been found to be a contributing factor to suicides, no automated systems use this information to predict suicide risk.
Introduction
Suicide is a prominent public health concern. All over the world each year, 2% of the population contemplate suicide [1] . In 2013, an average of 6.9 suicide deaths was recorded in Australia each day. It is estimated that by 2020 suicide will become the 10 th most common cause of death in the world [2] . Therefore, suicide prevention is important and is an active research field. Because general practitioners are usually the first port of call for mental health problems, the suicide prevention process should be integrated within both hospital treatment and general medical practice [3] .
In the last decades, large epidemiological studies have identified the number of previous suicide attempts, lethality of previous attempts, psychiatric disorders, and social isolation as potential risk factors for suicide [4] [5] [6] [7] [8] [9] . Besides identifying independent risk or protective factors, these epidemiologic studies also quantified the strength of their relative contribution. Despite the effort to combine these risk factors into risk scores and algorithms to predict suicide risk [10] [11] [12] , the predictions often have sensitivity and specificity that are too poor to be clinically useful [13, 14] . The failure of these approaches may be attributed to the complex nature of suicidal behavior, which consists of an evolving and multifactorial constellation of components that act together but vary from one individual to another. On the other hand, clinical assessment of suicide risk is primarily done based on the response of the patient, where current suicidal ideation and known risks are integrated. Although suicidality is a prominent risk factor for suicide attempts and completion, only approximately 30% of patients attempting suicide disclose their suicidal ideation [15] [16] [17] and the vast majority of individuals who express suicidal ideation never attempt suicide [18] [19] [20] .
To improve the clinical assessment or predictive value of suicide risk, researchers have started to look at the broader source of available information, such as electronic medical records (EMR) [21] and clinical notes [22] . Recent papers showed that EMR can be used to predict various medical conditions including chronic obstructive pulmonary disease in asthma patients [23] , genetic risk for type 2 diabetes [24] , myocardial infarction [25] , 5-years life expectancy of elderly population [26] , and 30-day life expectancy of cancer hospitalized cancer patients [27] . In our previous work [21] , we have developed a statistical risk stratification model to predict attempt of suicide risk based on EMR data and the model performance was found to be better than clinical predictions based on an 18-point risk assessment instrument. However, this model was complex and does not generalize to facilitate limited routine data collection. Moreover, because EMR contains a wide variety of information, there is a strong possibility that combinations of them can be infinite. Poulin et al [22] have developed linguistics-driven prediction models to estimate the risk of suicide using unstructured clinical notes taken from a national sample of US Veterans Administration medical records. From the clinical notes, they generated datasets of single keywords and multiword phrases, and constructed prediction models using a machine-learning algorithm based on a genetic programming framework. Although their result showed an accuracy of 65% or more, it was based on a small veteran population and the method was too complex to derive any symptomatic link with the suicide risk factors.
Recently, Qin et al [28] analyzed the relationship between suicidal death and physical illness, which was the first detailed analysis where physical illness was categorized based on the International Statistical Classification of Diseases and Related Health Problems, 10th Revision (ICD-10) chapters. The results of the study showed that the frequency of hospitalization elevates the risk of suicide deaths and this relationship was significant. However, the study is different from this study in terms of population groups and length of history of physical illness used for analyzing the cohort.
In this study, using machine learning to analyze EMR, we aim to find the effect of physical illnesses for the at-risk population, considering patients who have received at least one suicide risk assessment but who did not attempt suicide. We hypothesize that the relationship between physical illnesses alone and suicide risk can be exploited for quantitative assessment of suicidal risk using ICD-10 codes. This means that we do not use the "Mental and behavioural disorders" (Chapter V, ICD codes), relying purely on the physical illnesses. We developed a novel predictive model to obtain a suicide risk score using the history of physical illnesses derived from ICD-10 codes. Finally, we compared the performance of the physical-illness-based risk score with corresponding baseline clinical assessment.
Methods

Data
Data Description
The data was collected retrospectively from the EMRs, coded using ICD-10-AM, within Barwon Health, Australia [21] . This is a regional hospital serving an area of 350,000 residents. 
Clinical Risk Scoring
Suicide risk assessments were routinely performed by clinicians using an instrument developed internally. The instrument has been in use for 15 years. The checklist has the following 18 items: suicidal ideation, suicide plan, access to means, prior attempts, anger/hostility/impulsivity, current level of depression, anxiety, disorientation/disorganization, hopelessness, identifiable stressors, substance abuse, psychosis, medical status, withdrawal from others, expressed communication, psychiatric service history, coping strategies, and supportive others (connectedness).
Based on the ratings (from 1-3) for these 18 items, an overall rating of suicide risk (RiskScore clinical ) is determined on a scale from 0 (lowest) to 4 (highest). For the purpose of this study, the overall rating was used as the baseline for comparison. A total of 15,513 assessments had RiskScore clinical ˃ 0, which is approximately 92.02% (15513/16858) of total assessments used in this study.
Selection of ICD-10 Chapters and Calculating Frequency of Physical Illnesses
ICD-10 (2015 version) has 22 chapters to code all diseases recorded in EMR. The following shows the exclusion and inclusion chapter that were used.
Exclusion
We removed all codes from chapter V, that is all codes related to "Mental and behavioral disorders." We removed chapters XVI (Certain conditions originating in the perinatal period) and XVII (congenital malformations, deformations, and chromosomal abnormalities) codes altogether as these were absent in the studied population.
Inclusion
We merged chapters VII (Diseases of the eye and adnexa) and VIII (Diseases of the ear and mastoid process) due to minimal presence of these diagnostic codes. As a result, we finally have 18 chapter headings (ch=1,2,…,18) corresponding to 19 ICD-10 chapters.
Computing Frequency of Codes for Each Chapter
We first defined the time-period (len) over which the patient history EMR was included. Five different time-periods were used ( Figure 1 and 2): For each time-period, the ICD-10 codes for each assessment were aggregated under selected chapters, wherein each aggregated value represents the total number of occurrences of physical illnesses for the corresponding chapter. Therefore, for each assessment i we obtained a vector f i (τ, ch) , where ch=1,2, …,18 and τ=1,2,…,5. Assessments with an entry of 0 for all 18 chapter headings, were counted as an assessment with no history of physical illnesses. For all assessments, we constructed the matrix F i (τ, ch), as:
where, n is the total number of assessments.
In this study, we developed six models to predict suicide risk based on different length of history of physical illnesses. 
Creating the Suicide Risk Lookup Table
Definition
A probability lookup table PT is generated from the history of physical illnesses as:
PT=(pt t,ch,j ) (3)
where τ=1,2,…5 in the index of the time period used to extract history of physical illnesses, ch=1,2,…,18 is the index of the ICD-chapter and j=1,2,…,5 is index of the frequency bin. Each element of this τ, ch) ), where j is the bin index and defined as in Figure 3 : To separate out the Control and Risk histogram, we introduced the notation Hist j Control and Hist j Risk , which were defined as:
where, i ∈ Control and f i (τ,ch) ≠0
Hist j Risk (τ,ch)Hist j (F i (τ,ch)) (6)
where, i ∈ Risk and f i (τ,ch) ≠0
Finally, the suicide risk probability of ch th chapter for time period τ and bin index j was defined by equation 7 in Figure 4 . 
Scoring Suicide Risk of an Assessment
The suicide risk score (RiskScore Algorithm ) for any assessment was inferred from the suicide risk lookup table PT. This was accomplished using following steps:
1. For a new assessment I and historical time-period τ, extract the frequency of physical illness f i (τ, ch) from the EMR data for that assessment.
For each chapter ch
• Calculate bin index from f i (τ, ch) using equation 5.
• Extract P Risk (τ, ch)=pt τ,ch,i from the lookup table PT.
• Use a Heavyside step function to convert P Risk (τ, ch) into equations 8 and 9 ( Figure 5 ). 
Performance Evaluation
The performance of ICD-10 code history based suicide risk scores, clinically evaluated scores and their combination were measured using area under the receiver operating characteristic curve (AUC). For the clinical score (RiskScore Clinical ), the performance was evaluated by directly measuring the AUC of the entire assessments without dividing them in training or testing sets.
On the other hand, for RiskScore Algorithm we used 90% (13,962/15,513) of the assessments to generate reference lookup table that is, training set and the remaining 10% (1551/15,513) of the population was used as a test set to measure AUC. This process was repeated 10 times, where there were 10 different test sets and union of them encompass the original population, and the overall performance was presented by the average AUC that were obtained over those reiterations.
A similar approach (13,962/15,513, 90% training and 1551/15513, 10% test populations with 10 reiterations) was used for evaluating the performance of combination of clinical and ICD-10-based score. Multilinear regression was used to combine two variables. The training data set was used to train the regression model and output was generated using test set and the trained model. Finally, the AUC was computed using the output (RiskScore Combined ) of the model.
Results
This Multiple ICD codes were more common among risk cases relative to the control cases (Table 1, Figure 7 ). For τ=1 (0-3 months) percentages of risk cases were always higher than control cases for ICD codes more than zero. This trend changed with the increasing time, length where distribution of control populations become approximately equal over all five frequency ranges used in this study ( Figure 7, top panel) . On the other hand, for risk population the frequency of ICD codes increased with time ranges and therefore, approximately 45.46% (942/2072) of the total population had ICD code frequency >20 (Figure 8, bottom panel) .
The prevalence of physical illness of both suicide risk and control groups grouped according to ICD-10 categories (chapter headings) has been summarized in Table 2 and Figure 8 . Except for ICD-10 chapters II (Neoplasms) and (VII, VIII) (Sensory organ disease), a significantly higher prevalence of physical illness was observed in suicide risk cases than in control cases. However, the percentages of populations in those two chapters were insignificant across all organs or systems of the body. Interestingly, the most prevalent physical illness found for both control and suicide risk groups across all time ranges was Factors influencing health status and contact with health services (ICD-10 Chapter XXI), where the percentage of population continually increased from 20.38% (3013/14,786) to 53.54% (7916/14,786) and 39.29% (814/2072) to 78.38% (1624/2072) for control and suicide risk groups, respectively (Table 2) . Interestingly, a significant (454/2072, 21.91%) population showed prevalence of multiple ICD-10 chapters in suicide risk cases at shorter time ranges than control cases. For τ=1 and τ=2, ICD-10 chapter XXI were prevalent in more than 20.00% (2957/14,786) of control cases in contrast with five chapters (XVIII, XIX, XX, XXI, XXII) in suicide risk cases. This indicates that comorbidity is more prevalent and observable in shorter time range in suicide risk cases than control cases ( Figure  8 ).
The performance of proposed physical illnesses (without ICD-10 chapter V)-based suicide risk scoring model has been shown in Table 3 . The AUC value using RiskScore was 0.64, 0.67, 0.68, 0.68, and 0.69 for individual time ranges. This sequential increment of ROC area values with increased length of history of physical illnesses shows longer history length provides better suicide risk assessment than the shorter one. The maximum AUC 0.71 was obtained using physical illnesses from all time ranges, which indicates that overlapping history of physical illnesses improves the performance of the model than using a physical illnesses from a single time-period. In addition, for all of the lengths of the history of physical illnesses the RiskScore Algorithm performed better than clinically assessed risk score RiskScore Clinical (AUC=0.56).
The performance of regression model output RiskScore combined has been shown in Table 3 . Similar to physical illnesses based RiskScore Algorithm , the AUC values increased with increasing length of history of physical illnesses (AUC=0.65, 0.67, 0.68, 0.69, and 0.70, respectively) and maximum AUC=0.72 was obtained for history of physical illnesses of all time ranges. Although AUC values of multilinear regression model was higher than physical illnesses based model, the improvement is marginal and statistically insignificant. Table 2 . Distribution of suicide risk and control cases associated with diagnostic groups according to ICD-10 category for five different time ranges. 
Discussion
Principal Findings
To our knowledge, this study is the first to only use the patient's history of physical illnesses (ICD-10 codes, without chapter V, Mental and behavioral disorders) to predict suicide risk. This study has demonstrated how to exploit the physical illnesses to predict suicide risk using EMR of a single regional hospital (Barwon Health). The ready availability of EMR shows promise that such tools can be integrated within hospital systems for effective decision support.
The findings of this study, based on all patients of Barwon Health who had the mandated suicide risk assessment between April 2009 and March 2012, showed that the percentage of the population having a history of physical illness were higher in risk group than the control. This supports previously reported findings that hospitalization for a physical illness significantly increases the risk of subsequent suicide [8, 28] . Although this higher prevalence of physical illnesses in our risk group was found over five different time-periods ranging from 3 to 48 months, the difference in prevalence between two groups decreased with increasing time (Table 1, Figure 8 ). This indicates that time-period over which history is considered is a critical parameter in predicting risk.
The results of this study showed that the frequency of physical illness (11-20, >20) was higher in suicide risk population than control for all time periods, which is similar to the findings reported by Qin et al [28] . However, for smaller frequency values, the percentage of control cases exceeded the percentage of suicide risk cases with increasing historical time-period. Although this findings are different from Qin et al [28] where they have used much longer time period than 48 months, this can be attributed to the cohort difference-they have reported 1.13% of suicide cases with physical illnesses frequency >20 in contrast to 0.27% of control; in our study for a 48-month period, we found these frequencies to be 45.46% (942/2072) and 17.04% (2519/14,786) for the risk and control group, respectively.
The performance of ICD-10 based (without chapter V) suicide risk score, RiskScore Algorithm performed better than 18-point risk checklist based clinical assessment (RiskScore Clinical ) for all time-periods used in this study. This indicates that 3 or more months of history of physical illnesses can better predict the suicide risk than clinical assessment. This supports the previous findings that additional information is required in designing a more effective and automated suicide risk assessment systems suitable for clinical settings [13, 14] . RiskScore Combined showed a marginal improvement in suicide risk prediction than physical illnesses based score RiskScore Algorithm but substantial improvement over clinical assessment. Therefore, adding history of physical illnesses with regular clinical assessments can improve the performance of suicide risk prediction. Since physical illnesses based models were tested using 10-fold cross validation, the performance can be considered to be robust.
A limitation of this study is that we have considered only physical illnesses that resulted in hospitalization. However, this is an inherent and unavoidable limitation of any study based on hospital records. Therefore, the effect of mild illnesses that resulted in no hospitalization or treated outside hospitals was not considered. Furthermore, we did not consider the effect of age or gender on the distribution of physical illnesses and developed a single model for scoring the suicide risk, which may provide some bias. The small number of suicide risk cases restricted us from stratifying by age or gender as this would result in a sparse lookup table.
This study has following clinical implications: (1) The results of this study shows that hospital clinicians who are not specialists in mental health can use our decision support tool for identifying patients at risk of attempt of suicide and this may improve patient care, (2) clinical assessors with mental health expertise can use patient's history of physical illnesses through our proposed tool to improve the prediction of risk of suicide attempt, especially for patients with a history of multiple hospitalizations, and (3) our tool can also assist primary care providers with access to EMR to recognize early signs of risk of suicide attempt and refer patients to specialty care.
Conclusion
In summary, this study provides a novel approach to exploit the history of physical illnesses extracted from EMR (ICD-10 codes without chapter V-Mental and behavioural disorders) to predict risk of suicide attempt. This model also outperforms existing clinical assessments of suicide risk.
